a Altered metabolism is increasingly acknowledged as an important aspect of cancer, and thus serves as a potentially fertile area for the identification of therapeutic targets or leads. Our recent work using transcriptional data to predict metabolite levels in cancer cells led to preliminary evidence of the antiproliferative role of menaquinone (vitamin K2) in the Jurkat cell line model of acute lymphoblastic leukemia. However, nothing is known about the direct metabolic impacts of menaquinone in cancer, which could provide insights into its mechanism of action. Here, we used metabolomics to investigate the process by which menaquinone exerts antiproliferative activity on Jurkat cells. We first validated the dose-dependent, semi-selective, pro-apoptotic activity of menaquinone treatment on Jurkat cells relative to non-cancerous lymphoblasts. We then used mass spectrometry-based metabolomics to identify systems-scale changes in metabolic dynamics that are distinct from changes induced in noncancerous cells or by other chemotherapeutics. One of the most significantly affected metabolites was phosphoethanolamine, which exhibited a two-fold increase in menaquinone-treated Jurkat cells compared to vehicle-treated cells at 24 h, growing to a five-fold increase at 72 h. Phosphoethanolamine elevation was observed prior to the induction of apoptosis, and was not observed in menaquinonetreated lymphoblasts or chemotherapeutic-treated Jurkat cells. We also validated the link between menaquinone and phosphoethanolamine in an ovarian cancer cell line, suggesting potentially broad applicability of their relationship. This metabolomics-based work is the first detailed characterization of the metabolic impacts of menaquinone treatment and the first identified link between phosphoethanolamine and menaquinone-induced apoptosis.
Introduction
An important aspect of cancer now receiving increased attention is its altered metabolism, which provides a continuous and abundant supply of metabolites that is necessary for rapid proliferation. Altered metabolism was recently acknowledged as one of the key hallmarks of cancer. 1 As a result, metabolism is becoming a promising target for cancer drug development. 2 Drug development is often oriented towards finding (often synthetic) small molecule inhibitors of proteins; however, metabolites and closely related derivatives have important potential for serving as therapeutic candidates since they play key signaling, regulatory, and biosynthetic roles in cells. The use of metabolites as therapeutics is particularly exciting based on the hypothesis that molecules endogenously produced by cells may be less likely to have broad, off-target toxicity effects than synthetic or exotic compounds. As such, there is significant interest in identifying and characterizing metabolites with anticancer-specific potential that may lead to the development of novel chemotherapeutics. For metabolites with anti-cancer activity, the processes underlying their activity are typically poorly characterized, limiting the ability to leverage them and their downstream targets in development of therapeutics. However, systems-scale approaches to characterizing metabolism (metabolomics) have the potential to yield significant insight into those processes for metabolites.
This work uses a metabolomics-based approach to characterize the effects and potential mechanism of a putative anti-leukemic metabolite, menaquinone. Acute lymphoblastic leukemia (ALL) is a cancer of the white blood cells in the bone marrow that accounts for 75% of children's leukemia. 3, 4 About 52 380 new leukemia cases (all types) were projected to be diagnosed in 2014, with 24 090 people projected to die from leukemia. 3 Involvement of altered metabolism is well-known in ALL, with one carbon metabolism actually being one of the earliest metabolic pathways targeted for ALL therapeutics. 5 In fact, derivatives of those compounds are still used as frontline treatment to this day. 6 Other metabolites, including ceramides and metabolites in lipid signaling pathways, are also being studied as additional metabolism-focused cancer therapeutic candidates. 7 In our previous work, we developed a computational metabolomics model based only on transcriptional analysis that predicted the levels of menaquinone (MQ, vitamin K2) to be lowered in the Jurkat cell line model of ALL compared to noncancerous lymphoblast cells. 8 Initial validation experiments using microwell fluorescence assays suggested significant and semi-selective antiproliferative activity of MQ on Jurkat cells relative to noncancerous lymphoblasts. 8 MQ's primary physiological role and mechanism in blood coagulation is well-studied and well-understood. [9] [10] [11] Previous studies have shown that MQ can in fact have antiproliferative effects in certain cancer cell types: it can trigger both apoptotic and autophagic programmed cell death, as well as both intrinsic and extrinsic pathways of apoptosis, in a variety of cell types including colon cancer, 12 acute myeloid leukemia, 13 hepatocellular carcinoma, 14, 15 prostate cancer, 16 and cervical carcinoma. 17 However, the mechanisms underlying MQ's anticancer activity in ALL are not known and are not necessarily expected to be the same as those previously found for myeloid leukemia. In addition, the metabolic impacts of MQ in cancer cells are (to our knowledge) almost entirely unknown. Metabolomics -the systems-scale analysis of small molecule biochemical intermediates in metabolism -is an ideal approach to begin to address both of these questions. As downstream products of many cellular processes, metabolites provide unique insight into the state of biological systems. Metabolomic analysis of cancer cell cultures has previously enabled noteworthy discoveries, 18 and has even been used to help elucidate the mechanisms of drugs. 19 Here, we applied a metabolomics-based approach to move towards understanding the mechanisms and metabolic impacts of MQ in triggering the dose-dependent, semi-selective cell death of leukemic Jurkat cells. Using two-dimensional gas chromatography coupled to mass spectrometry (GCxGC-MS) to measure the metabolomic dynamics of the Jurkat model of ALL and noncancerous lymphoblasts in response to treatment with MQ, we identified systems-scale changes in metabolism in MQ-treated cells that were unique compared to treatments with other common chemotherapeutics. One of the most prominent of these changes was in the phospholipid biosynthesis metabolite phosphoethanolamine (PE), which was significantly higher in MQtreated cancer cells but not in MQ-treated non-cancerous lymphoblast cells or in chemotherapeutic-treated cancer cells. We also found PE to itself display some pro-apoptotic activity. Combined with the specificity of PE upregulation upon MQ-induced cancer cell death, this suggests that these two axes of programmed cell death are linked. Finally, we demonstrated that this phenomenon is likely not limited just to leukemic cell lines based on the observed PE elevation upon MQ treatment of an unrelated cancer cell line.
Experimental methods

Chemicals and reagents
RPMI 1640 with L-glutamine and antibiotic-antimycotic solution were purchased from Cellgro, Mediatech Inc. (Manassas, VA, USA). FBS was purchased from Atlanta Biologicals (Lawrenceville, GA, USA). MQ and PE were purchased from Sigma-Aldrich (St. Louis, MO, USA).
Expansion cell culture protocols
The human acute T cell lymphoblastic leukemia cell line Jurkat (ATCC CRL-2570) was purchased from the American Type Culture Collection (ATCC) and cultured in RPMI 1640 with 2 mM L-glutamine supplemented with 10% fetal bovine serum (FBS) 
MQ treatment and metabolomic extraction
The Jurkat cells and normal lymphoblasts were seeded at a density of 2 Â 10 5 cells per mL in T75 tissue culture flasks.
Cells were treated with 25 and 35 mM MQ, 0.02 mM docetaxel, 0.4 mM doxorubicin and DMSO-vehicle control in new media at 24 h after seeding. All treatments were performed in biological triplicate. Cell suspensions for metabolite extractions were collected from the same flasks at 0, 24, 48 and 72 h after the treatments and subjected to fast filtration and quenching. Briefly, vacuum assisted-fast filtration 20,21 on a vacuum manifold (Pall, Port Washington, NY, USA) was used to quickly remove media, followed by a 10 ml PBS wash. Filters (47 mm, 0.45 mM, PES; Millipore, Billerica, MA, US; catalog #HPWP04700) capturing the cells were immediately transferred to 1.5 mL of À80 1C methanol in a Petri dish (60 mm Â 15 mm) on dry ice and stored at À80 1C for 24 h for thorough extraction. The filters were rinsed with the methanol cell suspension, and the suspension was transferred to microcentrifuge tubes, vigorously mixed for 30 s and centrifuged at 5000g for 5 min at À5 1C. Supernatants were collected and pellets were re-suspended in 250 mL of cold 100% methanol and centrifuged at the same conditions. Supernatants were pooled, and pellets were re-suspended in 250 mL ice cold ultrapure water and centrifuged at 5000g for 5 min at 4 1C. Pooled supernatants were stored at À80 1C until analysis. At each time point, a small sample was used to count the live and dead cells using flow cytometry as described above, for use in normalizing injection volumes for metabolomics. An extraction blank was prepared in parallel by following the same protocols to quench and extract a filter with no cells, for use in later data processing.
GCxGC-MS analysis
Metabolite extracts corresponding to 5 Â 10 5 live cells were dried using a centrifugal vacuum concentrator at 40 1C. (Thus, no further normalization of measured analyte peak areas to indicators of cell number was necessary; normalization in all figures is only the result of post-processing and variable scaling.) Residues were derivatized as previously described.
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Briefly, 5 mL of 40 mg mL À1 O-methylhydroxylamine hydrochloride (MP Biomedicals, Santa Ana, CA, USA) in pyridine was added to the dried sample and shaken at 1400 rpm for 90 min at 30 1C. 45 mL of N-methyl-N-(trimethylsilyl) trifluoroacetamide (MSTFA) + 1% trimethylchlorosilane (TMCS) (Thermo Scientific, Lafayette, CO, USA) was then added to the samples which were then shaken at 1400 rpm for 30 min at 37 1C. Samples were centrifuged at 21 100g for 3 minutes and 25 mL of the supernatant was added to an autosampler vial. Samples were spiked with 0.125 mL of a retention time standard solution consisting of fatty acid methyl esters (FAMEs) and an injection standard of nonadecanoic acid methyl ester dissolved in dimethylformamide. In parallel, a master quality control (QC) sample was prepared by pooling 75 mL of extract from each sample; 600 mL of master QC was aliquoted, dried, and derivatized along with every batch of 8-10 samples. Two QC injections were performed at the beginning of the run to condition the system and repeated once every 4-5 sample injections to allow for batch corrections. A derivatization blank was prepared and run with every batch of samples. The extraction blank collected during filtration was derivatized and run as the first sample to use for blank deduction during peak alignment. A LECO Pegasus 4D instrument with an Agilent 7683B autosampler, Agilent 7890A gas chromatograph and time-offlight mass spectrometer was used to analyze the samples. The first column was an HP-5, 30 m long Â 0.320 mm ID Â 0.25 mm film thickness (Agilent, Santa Clara, CA, USA), and the second was an Rtx-200, 2 m long Â 0.25 mm ID Â 0.25 mm film thickness (Restek, Bellefonte, PA, USA). More detailed gas chromatography, autosampler, and mass spectrometry methods are provided in the ESI. †
Data analysis
Data analysis was performed as previously described. 23, 24 Briefly, instrument output was first analyzed with ChromaTOF (LECO, St. Joseph, MI, USA) to determine baseline, peak area, and peak identities. Software settings included a baseline offset of 0.5, automatic smoothing, 1st dimension peak width of 24 seconds, 2nd dimension peak width of 0.25 seconds, and a match of 700 was required to combine peaks with a minimum signal-to-noise (S/N) of 10 for all subpeaks. Peaks were required to have a S/N of 100 and a minimum similarity score of 800 before assigning a name. Unique mass was used for peak area calculation.
To align the samples, MetPP (http://metaopen.sourceforge. net/metpp.html) was used, 25 along with the extraction blank file used for peak deduction. Unknowns were retained during peak alignment. On-the-fly alignment was used with quality control samples manually selected as the peak list for primary alignment. Peak alignment was performed using the default criteria. After alignment, further processing of the data was done based on a previously described procedure. 26 Briefly, batch effects were removed from the intracellular data set using LOESS. To remove analytes that were not reproducibly detected, analytes for which more than half of the values were missing in the QC samples or for which the QC samples had a coefficient of variance larger than 0.5 were removed from the data set. Then, missing values were manually corrected using small value correction only if more than half of the values in biological replicates were missing. (However, we note that for the OVCAR-3 validation experiments, since only one metabolite was being tested and there were very few samples, direct results from ChromaTOF were used because the downstream analysis steps were either unnecessary or inappropriate.) Annotated analytes were then compared to the Kyoto Encyclopedia of Genes and Genomes (KEGG) and the Human Metabolome Database (HMDB); if they were listed in KEGG and HMDB they were considered annotated as metabolites. The metabolites were then verified by a manual confirmation of similarity between the annotated peak spectrum and the library spectrum.
Based on QC injections and manual inspection of chromatograms, we identified that one batch was derivatized poorly, so four samples were removed from further analysis. Additionally, principal component analysis clearly identified one sample, a control Jurkat injection at 24 h, to be a significant outlier from all data, so it was also removed. Finally, one control Jurkat sample at 72 h had over 50% of its metabolite values missing (more than three times more than almost all samples), so it was also removed (though its removal had little impact on overall analyses).
Multivariate and univariate statistical analyses were performed using MetaboAnalyst 27 (http://metaboanalyst.ca/). Remaining missing values were k-nearest neighbors (KNN) corrected.
Data were log-transformed using generalized logarithm transformation (base 2) and autoscaled.
Results
Menaquinone has a time-dependent, dose-dependent semi-selective antiproliferative effect on Jurkat cells 
Menaquinone exhibits a pro-apoptotic effect in Jurkat cells
With the antiproliferative effect of MQ established, we sought to characterize whether its effects were strictly due to decreased growth rate or at least in part due to an increase in apoptosis.
To do this, we measured the levels of annexin and caspase 3/7, each of which are known markers for specific mechanisms of apoptosis, in MQ-treated Jurkat cells. Fig. 2 shows that the fraction of apoptotic cells for Jurkat cells treated with MQ are higher for both markers, indicating pro-apoptotic activity of MQ in Jurkat cells.
Menaquinone's antiproliferative activity corresponds with system-wide changes in metabolism
Since the anticancer activity of MQ was originally based on predictions of MQ depletion in Jurkat cells, we hypothesized that there might be significant metabolic changes in these cells when treated with MQ. Thus, we next used two-dimensional gas chromatography coupled to mass spectrometry (GCxGC-MS) to characterize the metabolite profiles of both Jurkat cells and lymphoblast cells in response to two dosage levels of MQ. We chose 25 mM since it is approximately an IC 50 for the Jurkat cells at 72 hours (the normal feeding or passage time for Jurkat cells), and 35 mM to potentially capture some effects on the lymphoblasts. We also included two common chemotherapeutics that act via non-metabolic mechanisms, docetaxel and doxorubicin, to capture the metabolic profile that might be more generally associated with cell death and apoptosis but not specifically with MQ treatment.
For the Jurkat cells, we measured 208 reproducible analytes across all samples, with 61 unique metabolite identities annotated by the data processing pipeline and matched to known human metabolites with HMDB and KEGG entries. For the lymphoblast cells, 135 reproducible analytes were measured across all samples, with 36 unique metabolite identities annotated by the data processing pipeline and matched to known human metabolites with HMDB and KEGG entries. A heatmap of the metabolite data is presented in Fig. S1 (ESI †), which includes both annotated and unknown analytes. A dendrogram for these samples is presented in Fig. S2 (ESI †), demonstrating clustering by time point and by treatment within the cell types, with few misclustered samples. Results were similar when only annotated metabolites were considered (Fig. S3, ESI †) .
For each cell type, t-tests and one-way ANOVA were first used to identify significant differences between treatment conditions across all time points (significant annotated metabolites reported in Table 1 ). For Jurkat cells there were 33 significant analytes between the three groups (MQ-treated, chemotherapeutictreated, and control) based on a one-way ANOVA across all time points. When considering only the unique annotated metabolites, there were 9 significant based on this one-way ANOVA test. Importantly, in post hoc tests for each significant metabolite where the three classes are all compared pairwise (Fisher's LSD test), 27 of the 33 analytes were different between the MQ and chemotherapeutic treatment conditions (and 8 of the 9 annotated analytes) -indicating unique changes in metabolism that should not be dismissed as being caused only by cell death. In the noncancerous lymphoblasts, on the other hand, there were no significant changes between MQ treatment and control, underscoring the assertion that little change in metabolism is induced in healthy cells for the MQ levels tested here.
Multivariate analysis reveals that MQ causes unique metabolic responses compared to other chemotherapeutic agents
Principal component analysis (Fig. 3) recapitulated the results evident in the metabolite heatmaps and univariate statistical analyses, showing that while control-treated Jurkat cells do not display marked and consistent changes over time, MQ-treated Jurkat cells exhibit unique metabolite profiles by 72 hours. In contrast, chemotherapeutic-treated cells separate from controls within 24 hours, suggesting that MQ has unique metabolic impacts and may have a unique mechanism of action compared to other common chemotherapeutics.
Importantly, the MQ-treated and chemotherapeutic-treated samples are different from each other, being separated in the Fig. 2 Pro-apoptotic activity of MQ on Jurkat cells. Cells were treated with 35 mM MQ for 72 hours, and apoptosis was assayed using both annexin and caspase 3/7 assays. Plotted is the percentage of early apoptotic or late apoptotic cells, relative to all measured cells. Error bars represent one standard deviation. Asterisks indicate significant differences from control (p o 0.01, two-tailed t-test). (Fig. 3B) . There is some slight separation at the early time points in the second principal component, when there is a modest growth stimulation at both dosages of MQ. However, by 72 hours, the metabolite profiles are again identical, suggesting little metabolic impact on lymphoblasts. Again, this is consistent with univariate analyses.
Finally, enrichment analysis based on the relative levels of analytes under different treatment conditions across all time points identified multiple pathways that were statistically significantly enriched in the MQ-treated Jurkat cells. Enrichment relative to chemotherapeutic-treated cells is presented in Table 2 ; other enrichment comparisons are presented in Table S4 (ESI †), and details on the metabolites measured for each pathway are included in Table S5 (ESI †). All p-values are FDR-corrected.
Phosphoethanolamine is significantly accumulated in MQ-treated Jurkat cells
The analyte with the most significant ANOVA p-value was phosphoethanolamine (PE). A detailed analysis of PE levels reveals that it is accumulated specifically in MQ-treated Jurkat cells as early as 24 h (approximately two-fold increase compared to vehicle-treated controls) and with quite high induction at 48 h and 72 h (approximately five-fold increase compared to controls), but this is not observed in chemotherapeutic-treated Jurkat cells or MQ-treated and control lymphoblast cells (Fig. 4) . This suggests a mechanism specific to MQ-mediated cell death since extensive accumulation of PE does not happen until antiproliferative activity is observed while the same patterns are not observed in identically treated lymphoblasts. PE was the only analyte measured to display such a unique phenotype. To confirm the identity of PE, we obtained a pure standard and verified its retention time and mass spectrum in our samples.
PE stimulates apoptosis in Jurkat cells but not in lymphoblasts
Based on this unique profile across all samples, we then hypothesized that PE itself may have similar activity to MQ. 
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We identified from previous literature a concentration range over which PE was expected to show antiproliferative activity. 29 We treated both Jurkat cells and lymphoblasts with two different doses of PE from this range, 8 mM and 12 mM. The results, shown in Fig. 5 , support that PE has apoptosis-inducing activity on Jurkat cells but not lymphoblasts, as indicated by both annexin and caspase 3/7 assays.
MQ treatment also increases PE levels during antiproliferative effects on another cancer cell line
To test for the generality of the link between MQ and PE, we treated the ovarian cancer cell line OVCAR-3 with 100 mM MQ (based on a literature report 30 ) and measured the resulting PE levels (Fig. 6) . We found that the levels of PE went up after treatment with MQ, and corresponded with substantial antiproliferative activity of MQ (see Fig. S4 , ESI †). This suggests that the link between MQ and PE is not unique just to Jurkat cells, but may generalize to other types of cancer; if true, this would in turn suggest that therapeutics that leverage this connection could potentially be useful for a range of cancer types.
Discussion
We have used GCxGC-MS metabolomics to characterize the anticancer activity of menaquinone (MQ) in a leukemia model cell line (Jurkat). Our previous work used analysis of transcriptional data from Jurkat cells and noncancerous lymphoblasts to predict that MQ levels would be lower in Jurkat cells. 8 It was further hypothesized that if MQ was in fact depleted in Jurkat cells, then supplementing with MQ could in fact have an antiproliferative effect on the cells by pushing them back towards a more normal metabolic state, and thus potentially allowing for the induction of apoptosis or preventing proliferation. Initial experiments suggested this was true, and so we sought to confirm those findings and characterize the phenomenon in more detail. We found that MQ does in fact have an antiproliferative effect, at lower concentrations than previously found, and with some selectivity for Jurkat cells over lymphoblasts (particularly at those lower concentrations). In fact, at low concentrations MQ actually induces a modest but statistically insignificant increase in proliferation of lymphoblasts. We also demonstrated via two different well-known markers, annexin and caspase 3/7, that at anti-proliferative dosages, MQ induces apoptosis in Jurkat cells. In further characterizing the metabolic impacts of MQ supplementation using GCxGC-MS metabolomics, we found that it causes significant, system-wide changes in the metabolism of a Jurkat model of leukemia, but causes fairly few changes in the metabolism of noncancerous lymphoblasts. Moreover, the metabolic changes identified in MQ-treated Jurkat cells are unique to MQ relative to two other known chemotherapeutic agents. These results are supportive of the hypothesis that MQ-induced apoptosis is somehow metabolically mediated, which is a logical extension of the prediction by our original computational model.
Among the annotated metabolites measured via GCxGC-MS, there were numerous noteworthy differences between the MQ-treated Jurkat cells, MQ-treated lymphoblasts, and all of the control cells. In terms of individually significant analytes between MQ-treated and chemotherapeutic-treated Jurkat cells, a number of metabolites have previously been implicated in apoptosis. For example, hydroxyproline (higher in MQ treatment) and one of the enzymes acting on it, hydroxyproline oxidase, have been implicated in apoptosis through the generation of reactive oxygen species (ROS). 31 Similarly, hypotaurine has been shown to serve an antioxidant role. 32 In addition, asparagine has been shown to play a role in preventing apoptosis in glutamine-starved conditions in cancer cells. 33 Taken together, these unique aspects of MQ treatment suggest the possibility of substantial differences in terms of oxidative stress response and overall mechanisms of apoptosis, particularly as related to metabolic causes and protection against apoptosis. There were also a number of pathways with significant enrichment for changes in MQ-treated Jurkat cells relative to chemotherapeutic-treated cells. Pathway-level analysis allows for the identification of where changes in metabolite levels may be clustered within metabolism, which can suggest potential relationships or functional links to previously identified metabolic changes in cancer. Pathway enrichment analysis also allows for the identification of metabolic changes via the combination of smaller alterations, rather than by focusing only on individually significant alterations. For example, the pathway analysis presented in Table 2 compared the MQ-and chemotherapeutic-treated Jurkat cells without considering that the samples within each group were at different time points, which inherently introduces significant within-class variability. While only seven metabolites were individually significant based on t-tests for this analysis (FDR o 0.05), enrichment of pathway-level changes could still be identified. Among the pathways identified as being enriched for changes, proline metabolism is widely known to be implicated in cancerous proliferation and is considered a potential target for treatment. [34] [35] [36] Similarly, metabolites in alanine, aspartate, and glutamine metabolism have been implicated as potential early markers for induction of apoptosis in certain cell lines. 37 Pyrimidine metabolism, and in general nucleotide metabolism, is widely known to play an important role in cancerous proliferation, as a sufficient pool of nucleotides is necessary for the requisite DNA replication of mitosis during proliferation. 38 Changes were also identified in lipid metabolism pathways; lipid metabolism is known to be implicated in cancer, and lipid signaling mediates many cellular mechanisms, including apoptosis. 39 Changes in lipid pathways could be indicative of some direct effect of menaquinone, an indirect effect mediated by phosphoethanolamine, or an even more indirect effect as the result of induced apoptosis. Taken together, though, these pathway-level metabolic differences suggest the basis for a more detailed exploration of the origin and function of the changes induced by MQ treatment.
One of the most interesting insights that directly emerged from the metabolomics analysis of MQ treatment was the metabolic profile of phosphoethanolamine (PE) across the different treatments and cell types. Phosphoethanolamine was significantly accumulated (approximately two-fold increase compared to vehicle-treated controls) starting at 24 h in the MQ-treated Jurkat cells, but not in the noncancerous lymphoblasts. By 72 h of MQ treatment, PE levels in the Jurkat cells were five-fold higher compared to vehicle-treated controls, while the lymphoblasts still showed no MQ-induced accumulation of PE. Similarly, treatment of Jurkat cells with two broad spectrum chemotherapeutics did not cause statistically significant increases in PE compared to vehicletreated control; this indicates that PE accumulation is not just a View Article Online common result of cell death, but instead is largely specific to MQ treatment. The specificity of PE accumulation, and the fact that this accumulation occurred earlier than the induction of apoptosis was observed, suggested that PE may be playing a causal role. Based on this, we further hypothesized that PE may itself have an antiproliferative effect. Subsequent characterization identified that both PE and MQ treatment induce caspase 3/7-mediated apoptosis, indicating that at least part of the mechanistic pathway for PE and MQ antiproliferative activity is shared in common. Recently published work supports our predictions and experimental evidence of the pro-apoptotic potential of exogenous phosphoethanolamine for leukemic cell models 29 and other types of cancer 40, 41 (though the previous study did not characterize the effect of PE on noncancerous lymphoblasts). It is worth noting that the treatment levels of PE in our experiments were rather high (8-12 mM) , at what may not be physiologically relevant serum concentration levels. However, these levels are consistent with previous literature observations and may be necessary to offset the fact that phosphoethanolamine (without a strong nonpolar moiety but containing a phosphate group) is likely inefficiently taken up by the cells. Also, the induction of apoptosis by PE was moderate (in less than 20% of intact cells, a roughly two-fold increase) relative to the results of MQ treatment (in approximately 30% of intact cells, a roughly three-fold increase), but it is still statistically significant. The difference in efficiency of apoptosis induction could indicate that the metabolites are exerting their effects via different pathways, or it could be due to differences in metabolite uptake as previously discussed. We also showed that the intersection of MQ and PE may be a more general phenomenon beyond just the Jurkat model of leukemia. Using a cell line from a different type of cancer (OVCAR-3, an ovarian epithelial cancer cell line), we found that MQ had antiproliferative activity and induced increased levels of PE after treatment. In this model, the increase of PE levels caused by MQ treatment was even more substantial, yielding approximately nine-fold higher levels than in the vehicle-treated controls. This suggests that the relationship we discovered between MQ and PE is not specific to one cell line, or even to one cell type.
Looking towards the possible mechanistic basis for this connection, MQ's known functional roles do not provide immediate insight. MQ's role in blood coagulation and bone mineralization is well characterized. [9] [10] [11] All forms of vitamin K (including MQ) function as cofactors for g-glutamyl carboxylase (GGCX), catalyzing the g-carboxylation (a post-translational modification) of substrate proteins, which is an essential step for the function of substrates such as blood coagulation factors 42 and osteocalcin. 43 Vitamin K is reduced to vitamin K hydroquinone and, upon carboxylation, is oxidized to vitamin K epoxide (VKO). VKO is reduced back to vitamin K for reuse. 42 MQ's potential role in cancer is comparatively poorly understood. Previous studies have shown that MQ can have antiproliferative effects: it can trigger both apoptotic and autophagic programmed cell death, as well as both intrinsic and extrinsic pathways of apoptosis, in a variety of cell types including colon cancer, 12 acute myeloid leukemia, 13 hepatocellular carcinoma, 14, 15 prostate cancer, 16 and cervical carcinoma. 17 MQ is also known to bind directly to BAK (Bcl2 antagonist or killer, a pro-apoptotic protein) and is associated with apoptosis. 17 It induces posttranslational modifications and forms a BAK isoform by covalent binding of its intracellular metabolite VKO to a cysteine residue of BAK. 17 Adding the free radical scavenger a-tocopherol prevents BAK isoform formation and apoptosis upon treatment with MQ. 17, 44 However, when the essential function of MQ, g-carboxylation, was blocked by g-glutamyl carboxylase (GGCX) knockdown in the LNCaP prostate cancer cell line, this also abrogated the pro-apoptotic activity of MQ treatment. 45 This
shows that the mechanism of MQ-triggered apoptosis is complex and interacts with cell death pathways at many levels. To our knowledge our study is the first to use a metabolomics approach to characterize MQ-triggered apoptosis and to identify the intersection of PE elevation and cancer cell death in response to MQ treatment. PE also has some well-characterized functions and roles in cells, though none are directly related to MQ. PE is a central precursor for biosynthesis of phosphatidylethanolamine, a membrane phospholipid which is an essential, major membrane constituent and plays vital roles in cell signaling, membrane fusion, cell division and apoptosis. 46 Products of phosphatidylethanolamine metabolism (e.g. fatty acids, diacyl glycerol and phosphatidic acids) also act as second messengers in many other signaling pathways, 47, 48 suggesting a possible function of modulation of PE levels in initiating apoptosis. However, none of this prior knowledge about PE's and MQ's cellular functions, nor knowledge of the metabolic pathways of PE and MQ, suggests how or why these two would be linked. The fact that the relationship between MQ and PE is evident in multiple cancer types, and that it was not associated with cancer cell death caused by chemotherapeutics, suggests that there may in fact be a functional link between the two. However, intracellular modulation of PE levels during MQ treatment is an extremely difficult task, and thus we cannot conclude here, based only on the presented data, that PE accumulation mediates the effects of MQ treatment. Identification of a functional link between MQ and PE is thus a particularly interesting direction for future exploration. In that regard, a state of the art virtual ligand screening approach, 49 
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comb , suggests that both MQ and PE putatively bind stAR-related lipid transfer protein 13 isoform beta (DLC2), which is implicated in tumor suppression, 50 providing one candidate mechanistic link for future investigation. We note that metabolites measured by GCxGC-MS may be identified based on their mass spectra and retention time, but due to the incompleteness of mass spectral databases and limited availability of analytical standards, numerous analytes may not be assigned a metabolite identity even though they may be tracked from sample to sample. Some of the conservative choices in our data processing pipeline, meant to minimize the number of false metabolite identity annotations, likely contribute to the number of unknown analytes tracked in our studies. As such, while we only consider the biological implications of annotated metabolites, we still include the unannotated analytes in our considerations of clustering and multivariate analysis. We also note that even despite our conservative choices in the data processing pipeline, some annotated metabolites may still be misannotated.
Also, while the idea of metabolite-based therapeutics is promising in the long term, this current model of MQ in ALL does not have as large a therapeutic window as would be desirable, which could make complete elimination of treatment side effects difficult. However, given the known significant side effects of most chemotherapeutics and the fact that MQ is essentially an unoptimized lead, it is at least a promising start. If nothing else, it helps us to identify unique aspects of metabolism that could lead to the discovery of even more selective molecules or targets.
In conclusion, our work is the first-reported identification of the link between MQ and PE in antileukemic activity and the first to quantify the semi-selectivity of each analyte in its respective pro-apoptotic activity. It suggests the potential importance of decoupling MQ treatment from PE production to identify whether PE plays a functional role in the MQ-mediated induction of apoptosis. Further work in this area may help to clarify whether either molecule could be useful as a therapeutic lead, or may help identify relevant targets for future therapeutic development.
